Mitochondria (MT), the major site of cellular energy production, are under dual genetic control by 37 mitochondrial DNA (mtDNA) genes and numerous nuclear genes (MT-nDNA). In the CHARGEmtDNAþ Consortium, we studied genetic associations of mtDNA and MT-nDNA associations with body mass index (BMI), waist-hip-ratio (WHR), glucose, insulin, HOMA-B, HOMA-IR, and HbA1c. This 45-cohort collaboration comprised 70,775 (insulin) to 170,202 (BMI) pan-ancestry individuals. Validation and imputation of mtDNA variants was followed by single-variant and gene-based association testing. We report two significant common variants, one in MT-ATP6 associated (p % 5EÀ04) with WHR and one in the D-loop with glucose. Five rare variants in MT-ATP6, MT-ND5, and MT-ND6 associated with BMI, WHR, or insulin. Gene-based meta-analysis identified MT-ND3 associated with BMI (p % 1EÀ03). We considered 2,282 MT-nDNA candidate gene associations compiled from online summary results for our traits (20 unique studies with 31 dataset consortia's genome-wide associations [GWASs]). Of these, 109 genes associated (p % 1EÀ06) with at least 1 of our 7 traits. We assessed regulatory features of variants in the 109 genes, cis-and trans-gene expression regulation, and performed enrichment and protein-protein interactions analyses. Of the identified mtDNA and MT-nDNA genes, 79 associated with adipose measures, 49 with glucose/insulin, 13 with risk for type 2 diabetes, and 18 with cardiovascular disease, indicating for pleiotropic effects with health implications. Additionally, 21 genes related to cholesterol, suggesting additional important roles for the genes identified. Our results suggest that mtDNA and MT-nDNA genes and variants reported make important contributions to glucose and insulin metabolism, adipocyte regulation, diabetes, and cardiovascular disease.
Introduction
Mitochondria (MT) are double membraned organelles that generate the majority of cellular adenosine triphosphate (ATP) and metabolites and play a central role in human health. 1 MT reside within cells and contain a separate maternally inherited 2-5 $16.6 kb circular mtDNA genome, consisting of 37 genes (Figure 1 ). The mtDNA encodes 13 core catalytic peptides that form the oxidative phosphorylation complexes (I, III-V) as well as the machinery needed
The dual genomic origin (mtDNA and MT-nDNA) of MT components and the fact that mtDNA has a much higher mutation rate compared to the nuclear genome 9,10 fuels our hypothesis that MT variants influence individual predisposition to complex diseases. 11, 12 Because of heteroplasmy, i.e., the coexistence of mutated and wild-type mtDNA in the same cell, mutations in mtDNA may not result in disease until the copy number of mtDNA carrying the mutation relative to the wild-type mtDNA in the relevant tissue(s) exceeds a threshold. 12 The mtDNA copy number may serve as an indicator of MT function 13 and was recently shown to be associated with overall mortality 14, 15 and various metabolic-related diseases, including cardiovascular disease (CVD). [16] [17] [18] Studies have also shown that mitochondria have an important influence on multiple cardiovascular disease risk factors. For example, obesity impairs MT biogenesis. [19] [20] [21] MT dysfunction has been also implicated in the development of insulin resistance. [22] [23] [24] Thus, our study prioritized obesity and insulin resistance pathways to CVD.
In our study we analyzed the dual genomic influence of MT function on seven important metabolic traits (body mass index [BMI], waist-hip ratio [WHR], fasting glucose, fasting insulin, HOMA-B, HOMA-IR, and HbA1c) as major risk factors of cardiovascular disease (CVD) in participants of the CHARGEmtDNAþ 45 participating cohorts. The mtDNA associations were evaluated at both the single nucleotide variant (SNV) and at the gene-based levels for rare alleles (minor allele frequency [MAF] < 1%). The MT-nDNA candidates were studied for function, gene expression regulation, enrichment of pathways, and protein interactions. The overall goal was to illuminate MT-functioning and MT-disease causative variants. (Table  S1 ). The resulting samples were smaller within each cohort when association tests were performed (by sub-setting individuals with genotyping available) to a total of 170,202 for BMI, 155,396 for WHR, 79,906K for fasting glucose, 70,778 for fasting insulin, 69,845 for HOMA-B, 69,926 HOMA-IR, and 101,218 for HbA1c. We use the acronym PA to refer to pan-ancestry. The procedures followed were in accordance with the ethical standards of the responsible committee on human experimentation (institutional and national) and that proper informed consent was obtained.
Subjects and METHODS

CHARGE Cohorts
Trait Harmonization
A total of seven traits were studied: BMI (kg/m 2 ), WHR (waist-hip ratio), fasting plasma glucose (mg/dL), fasting insulin (mIUmL), 60 Genome Technology Access Center, Washington University School of Medicine, St Louis, MO 63110, USA; 61 HOMA-B, HOMA-IR, and glycated hemoglobin (HbA1c, %) indicative of chronically elevated glucose levels. The homeostasis model assessment was based on plasma levels of fasting glucose and fasting insulin. HOMA-B is an indicator of beta-cell function calculated as HOMA-B ¼ (360 3 fasting insulin) / (fasting glucose À 60). HOMA-IR is an indicator of insulin resistance calculated as HOMA-IR ¼ (fasting glucose 3 fasting insulin) / 405. Glucose and insulin measures were required to have been measured with a minimum fasting time of 8 hr; otherwise, the measure was set to missing. Each study was responsible for ensuring that each trait was normally distributed. Natural-log transformation was implemented for insulin, power transformation was performed when no other solutions were available, and inverse normal transformation was used as a last resort for BMI 25 (details in the Supplemental Material and Methods, section 1). The association test analysis was restricted to non-diabetic participants when studying glycemic traits, by setting values of glucose, insulin, and HbA1c to missing for T2D individuals with HbA1c > 6.5 or with fasting glucose > 126 mg/dL or using T2D medications. The participating cohorts were required to have at least one of the seven studied metabolic traits.
Preparation of Traits for Analyses
All cohorts used the same units for all traits for the raw measures. We observed differences in the raw measures of traits (Table S1) . Thus, to harmonize results, all participating cohorts normalized trait distributions and produced standardized residuals, which are unit-less for each trait. Statistical regression via R / SAS programming languages was used to produce residuals fitting the following model:
þ other study specific covariates ðe:g:; study center; etcÞ Age 2 was used to remove any age-quadratic trend from the response variable, and principal components (PCs) represent one or more genotype principal components, to minimize population substructure. The standardized residuals from this regression were the final response variables for each trait, used in the association tests with imputed dosages of mtDNA.
mtDNA Variant Harmonization
All mtDNA variants from each array (Table S14 ) were annotated to the nucleotide position according to the rCRS of the human mitochondrial DNA prior to analyses (see Web Resources). The probes used for each microarray were obtained from the manufacturer or dbSNP and aligned to the rCRS using Geneious 8.1. 26 All probes were also submitted through the standard nucleotide basic local alignment search tool (BLAST) to ensure the probes bound with high specificity (R90% identity) to the mitochondrial genome. In order to limit any potential binding to nuclear DNA segments, probes that bound to nuclear chromosomes with R80% matching were excluded from all analyses. The full lists of the validated mtDNA variants are available in the Supplemental Material and Methods, section 2 and Tables S15-S28.
mtDNA Imputation
The preparation of mtDNA data for imputation was done with PLINK. 27, 28 When preparing data for imputation, a few heterozygotes that may have existed in the mtDNA genotypes were set to missing via PLINK. The prephasing of mtDNA scaffold haplotypes at the cohort level was done with SHAPEIT2 for the full mtDNA (see Web Resources). 29 SHAPEIT2 helped to have the mtDNA genotypes of a cohort in the right format to be used in the imputation pipeline with IMPUTE2. SHAPEIT2 was also used for QC checks, such as evaluating missingness in markers. In order to combine Figure 1 . Graphical Presentation of Single mtDNA-and Gene-Based Association Meta-Analysis Results Significant associations (trait, MT position, and p value) at liberal threshold (p % 1EÀ03) are annotated with red arrows and gray text for single SNV associations and with green arrow for gene-based association, and text in red color represents SNVs that passed the threshold p % 5EÀ04. The asterisk (*) marks missense or synonymous variants; a dagger (y) marks a SKAT gene-based significant association. The mtDNA is shown as one single molecule, by merging all genes from heavy and light MT strands. For visibility, gene colors rotate clockwise from first in blue in the D-loop to up to six coloring groups finishing in red at MT-TL1, and then recycling again from the first blue color at MT-ND1. The full information is summarized in Tables 1, 2 TF, TV, TL1, T1, TQ, TM, TW, TA, TN, TC,  TY, TS1, TD, TK, TG, TR, TH, TS2, TL2,  TE, TT, TP) .
analyses across different genotyping platforms, we performed imputation based on MT-1000G (see Supplemental Material and Methods, section 3). Imputations of mtDNA variants were implemented in IMPUTE2 at the cohort level in a window that included the full MT-chromosome (see Web Resources). 30 Recoding of genotype probabilities into dosages was implemented via FCGENE (see Web Resources). Our reference MT-chromosome panel consisted of the 1000G data (PHASE 3, v.5) (see Web Resources). These data were based on sequence freeze and alignments, using only Illumina platform sequences and only sequences with read lengths of 70 bps or greater. There were 3,617 mtDNA markers in 1000G. The 1000G included 2,504 individuals representing 26 sampled populations (the ''Cosmopolitan'' reference panel). 31 After imputation, cohorts had differing number of SNVs, up to 3,832 SNVs for BMI, 3,829 for WHR, 3,809 for glucose, 3,801 for insulin, 3,801 for HOMA-B, 3,801 for HOMA-IR, and up to 3,744 for HbA1c. Although the imputation quality was good for most of cohorts (see imputation accuracy in Table S14 ), a great number of the SNVs were filtered for INFO (imputation quality) < 0.30, monomorphic or very rare (MAF < 0.0001) at the cohort level before association tests. Other QC were genotype call per cell had to be p R 0.90, a marker was dropped if its missing rate was >0.05 and MAC had to be R5, (which if it was autosomal could have corresponded to MAC R10). The MAC was calculated for haplotypes as MAF*N. (See Supplemental Material and Methods, section 3 for a more detailed methodology.) After mtDNA imputation, before performing statistical associations, we set any heteroplasmic mutations to missing at the cohort level data. Details of QC via R Package: EasyQC (V10.0) 32 (see Web Resources) and our internal programs and of the imputation steps can be found in the Supplemental Material and Methods, section 3. All filters implemented at the cohort level created non-uniform contributions of all cohorts in the meta-analysis. Many of the mtDNA variants were rare and per trait meta-analyses QQ-plots often showed an underestimation compared to expected association results (Figures S1-S7). The rarity of alleles was accompanied with lower quality of imputation and accordingly many of them were removed before any meta-analysis. Most studies had good imputation quality, given the rarity of mtDNA variants.
Variants MT-14272 and MT-14584 are opposite C/T versus T/C, but in full LD, while they are rare. The typical assumption is that rare variants are not in LD, but that does not have to hold for mtDNA. This is one more observation that the rare association findings in this study represent potential associations, until replicated from other future studies.
mtDNA Association Statistical Analyses
An additive genetic model was applied in association analyses using both self-developed regression models (the linear or linear mixed models written in R programming) and the SKAT (the prep-Scores() function in seqMeta R package: seqMeta package: Meta-Analysis of Region-Based Tests of Rare DNA Variants approaches 33 (see Web Resources). Familial and maternal correlation structures 34 were accounted for in the analysis of family data. Details of statistical association models 1-4 are described in the Supplemental Material and Methods, section 4.
mtDNA Meta-Analyses
Single-variant fixed-effects meta-analyses were conducted with METAL, 35 and gene-based associations were performed in seqMeta (details in the Supplemental Material and Methods, sections 5-7) (Tables 1, 2, 3, S2.a, S2.b, and S13). The average allele frequency from Metal is an average of allele frequencies for a particular marker as contributed from each study and weighted by each study's sample size as follows: Freq1WeightAve ¼ P s k¼1 w k f k = P s k¼1 w k , where k represents the indexing of contributing studies, w k is the sample size (number of individuals) per study, and f k is the coded allele frequency for a particular marker from a particular study. Our working group conducted an internal permutation test 36 using ARIC study mtDNA data and determined that 49 independent mitochondrial variants represented an estimate of the number of independent genetic effects for mtDNA. Thus, 49 was used as a denominator for producing the Bonferroni corrected p significance threshold % 0.05/49 % 1EÀ03, a threshold for common variants (MAF R 1%), but possibly liberal for rare variants (MAF < 1%) ( Table 1 ). Furthermore, we considered p % 0.05/(49 3 7 traits) % 1.5EÀ04 as a conservative threshold when accounting for seven traits tested. We settled for a Bonferroni-threshold p % 0.05/(49 3 2 domains) % 5EÀ04, because the traits within a domain adipose/obesity (BMI and WHR) and glucose metabolism (glucose, insulin, HOMA-B, HOMA-IR, and HbA1c) are correlated and represent two domains. Because mtDNA is a small genome, the distributions of mtDNA QQ-plots with the existing samples do not always behave similarly to those observed for larger nuclear GWASs. While mtDNA variants MAF R 1% formed relatively good QQ-plot distributions, the rare variants (MAF < 1%) were sometimes distributed with some deviation in the start (bottom-left) of the QQ-plot, as a result of meta-results in very rare alleles. Thus, the quality control of mtDNA QQ-plots were implemented by filtering at different rare MAF levels. We concluded that with the existing mtDNA meta-analysis results, QQ-plots with MAF > 0.8% were acceptable. Thus, out of 23 SNVs nominally (p % 1EÀ03) associated with 6 metabolic traits ( Figure 1 ), by adding the filter of MAC R 5 for each cohort, then 7 variants passed p % 5EÀ04 Bonferroni threshold.
For the gene-based analysis, we used Burden tests which combine the contributions of rare genetic variants within a gene region. Such tests assume similar directionality and effect sizes for each variant. 33 In contrast, the sequence kernel association test (SKAT) for unrelated or family-based studies is an efficient regression-based approach for rare genetic variant analysis. 33, 37, 38 The meta-analyses were performed using seqMeta (see Web Resources). The gene-based Bonferroni p value was calculated as p % 0.05/ (37 mtDNA genes) % 1EÀ03.
Identification of MT-nDNA Candidate Genes
We established a list of 2,282 MT-nDNA candidate genes from three sources: (1) Mito Carta 2.0, 6, 39 (2) Literature Lab (Acumenta Biotech), and (3) MitoMiner (4.0) 7 (see also Supplemental Material and Methods, section 7). We used the two separate sets of human genes and mouse ortholog genes from MitoCarta. We used Literature Lab to perform a literature search and identified 36 terms based on MeSH mitochondria. From each of the 36 terms (Table  S29) , we selected only the upper quartile list of genes from a Log Probability Function -scoring distribution. Each term was tested for association in overlapping with genes in pathway analysis ( Figure S15 ). We conditioned this list with only genes from human nomenclature and accepted only genes that had more than 15 abstracts cited per selected gene (see Supplemental Material and Methods section 7).
Using MitoMiner we identified additional MT-nDNA candidate genes. They were filtered with a MT-MitoMiner index R 0.70, and by selecting the terms ''Known mitochondrial'' and ''Predicted mitochondrial.'' In MitoMiner, we kept only genes that were present in human nomenclature. MitoMiner included also the mitochondrial originated genes, which were later removed to keep our MT-nDNA list only of nuclear origin. Finally, three additional genes were added from a publication on MT-defects associated with b-cell dysfunction in a T2D mouse. 40 
MT-nDNA Candidate Genes Analysis
As a result of the above work, a list of 2,282 MT-nDNA candidate gene labels (Table S30 ) were used to identify any significant results from 20 GWAS papers full summary results for seven metabolic traits, representing 31 datasets (Tables 4, S4, and S6). For the adipose traits, the GWAS publication full summary results used were for BMI [41] [42] [43] [44] [45] [46] [47] [48] [49] [50] and for WHR, 43, 44, [47] [48] [49] [50] [51] [52] and the summary results data were retrieved from the GIANT Consortium repositories (see Web Resources). For glucose metabolism we used the summary results of glucose, [53] [54] [55] [56] insulin, [54] [55] [56] [57] [58] [59] HOMA-B, 54 and HOMA-IR. 54 These summary results data were retrieved from MAGIC Consortium archives (see Web Resources). For HbA1c we used two resources. 60, 61 The published GWASs have large sample sizes, with a BMI study having a maximum of 339K individuals, WHR having 320K, glucose and insulin having 52K and 45K, respectively, HOMA-B and -IR having 46K, and HbA1c having 160K. Consequently, we obtained results for 109 MT-nDNA candidate genes, accompanied by 588 sentinel significant SNVs (one best per gene and trait combination, out of seven traits, Tables 4, S6 , and S9).
To identify the 588 SNVs, a pre-specified selection process was followed. First, we downloaded the latest dbSNP of NCBI reference data (batch 150), and we assigned each SNV to a gene (pseudogenes excluded). The intergenic variants were assigned to the closest gene, up to half the distance between two genes. Then, we merged the 31 full-GWAS sets to the annotated dbSNP, thus each GWAS-SNP was assigned to a gene. Each summary result was merged with MT-nDNA gene labels (Table S30 ). The corresponding significant SNVs results, ones with the smallest p value, per gene and per trait, were accepted in the final list (p < 0.05/ (2,282 3 7) ¼ 3.13EÀ06). After this selection, we also performed an analysis based on 1000 Genomes to identify the number of independent SNVs within a gene. 36, 62 The analysis produced a mean of independent SNVs per gene of 59, median of 38, and with a maximum of two outliers 542 (WWOX [MIM: 605131]) and 499 (FHIT [MIM: 601153]). If it was a gene-based test, then a conservative threshold p % 0.05/(542 3 7 traits) % 1.3EÀ05 could have been used, which is larger than the threshold we used, p % 1EÀ06). Furthermore, to compare whether our MT-nDNA genes pass the genome-wide threshold of p % 5EÀ08, generally used in GWAS publications, we merged our gene data with all possible reported SNVs from the GWAS-Catalog (accessed 01.27.2018, Table S12 and presented findings in the Results and Discussion paragraphs).
Annotation, Enrichment Analysis, and Gene Expression and Regulation
The mtDNA as well as MT-nDNA significant variants were annotated to NCBI dbSNP build 150 (HG38); genes and their protein biological functions were annotated to NCBI Entrez Gene, GeneCards and UniProtKB; enrichment analyses were performed with MetaCore and Literature Lab; pathways with KEGG and Reactome; gene expression and regulation were assessed using HaploReg, RegulomeDB, GTEx, and Human Protein Atlas; and protein interactions were assessed using STRING and NCBI summary of interactions from other databases (see Web Resources), with references to databases BIND, BioGRID, EcoCyc, HIV-1human protein interaction data, and HPRD. Specifically, for GTEx gene expression eQTL analysis, the eSNVs were considered significant when the eSNV had a GTEx p < 1EÀ07 and was in high LD (r 2 R 0.80) with the best eSNV of the target gene. Depending on r 2 R 0.80 to 1, we called them similar to ''lead'' or ''lead'' eSNVs. Otherwise, if the LD r 2 was < 0.02 to the target gene's best eSNV, we called them ''secondary'' eSNVs ( 
Results
We evaluated the associations of mtDNA variants with seven key metabolic traits in meta-analyses of 45 cohorts (with up to N$170,202 mtDNA Rare Variants Gene-Based Associations The mitochondrial rare variants for gene-based analysis were mapped to the start and end positions of each gene from the NCBI Reference Sequence GenBank: NC_ 012920.1 (see Web Resources). The rare variant gene-based meta-analysis using SKAT did not yield any significant associations. In contrast, the Burden test yielded a significant association between rare variants in MT-ND3 and BMI (p ¼ 1EÀ03, T < 0.05 including 82 SNVs). A forest plot representing the 82 SNVs and the overall MT-ND3overall meta is shown in Figure S17 . Several gene-HOMA-B, HbA1c, and BMI associations were suggestively significant employing both the SKAT and Tables 2 and  3 ). A total of 131 (T5-test) and 123 (T1-test) low-frequency and/or rare variants contributed to T5-test and T1-test, respectively. We used two gene-based approaches, burden test and sequence kernel association test (SKAT), to evaluate the association between a gene and a phenotype. Burden tests access the cumulative effects of multiple variants by assuming that all variants have the same directionality in a genetic region. SKAT tests use a score-based variance component framework without assuming that all variants have the same directionality. Although the two methods are different, they all evaluate aggregate effects of multiple low-frequency and/or rare variants 
Identification of MT-nDNA Candidate Variants Associated with Metabolic Traits
We identified 2,282 MT-nDNA candidate genes (see Material and Methods) and assessed their association from 20 GWASs with 31 datasets (Table S4 ). From the MT-nDNA candidate list, 109 genes reached statistical significance following correction for multiple testing (Bonferroni p < 1EÀ06) of which 46 were associated with BMI, 2 with extreme obesity, 26 with WHR, 18 with glucose, 7 with insulin, 1 with HOMA-B, 1 with HOMA-IR, and 20 with HbA1c, totaling 121 associations ( Table 4 ). The use of additional SNVs belonging to the same 109 MT-nDNA genes, but now sourced from the GWAS catalog for the same 7 traits or any other traits, indicated that 84% (27% improvement) of MT-nDNA genes passed p % 5EÀ08, while 16% remained at p % 1EÀ06 without passing the p % 5EÀ08 threshold. Of the MT-nDNA associations, GCK (MIM: 138079), MRPL33 (MIM: 610059), PPARG (MIM: 601487), SLC2A2 (MIM: 138160), AMBRA1 (MIM: 611359), NR1H3 (MIM: 602423), MTCH2 (MIM: 613221), IGF1 (MIM: 147440), and BCL2 (MIM: 151430) were associated with more than one trait (Figures 2, 3 , S8, and S9). For example, the well-known GCK is a member of hexokinases that phosphorylates glucose to produce glucose-6-phosphate, the first step in most glucose metabolism pathways, and has pleiotropic effects (see Discussion).
Enrichment Analysis of MT-nDNA Candidate Genes
The 109 MT-nDNA selected genes are candidates for MT function based on their protein localization in mitochondria, as well as from mining the published literature (Table  S5 ). We used Literature Lab and MetaCore software and the corresponding databases to perform enrichment analyses, which provided information for MT-nDNA gene-label relations with terms, pathways, diseases, gene ontology processes, and clustering (see Supplemental Material and Methods, section 8 and Figure S10 ). When comparing the 109 MT-nDNA candidate genes versus the remaining 2,173 (2,282 À 109), the 109 set showed enrichment (p ¼ 1.7EÀ12) for ''Signal transduction, Neuropeptide signaling pathways,'' which included, among others, POMC (MIM: 176830) and MC4R (MIM: 155541), while no such enrichment was found for the 2,173 set. Out of 109 MT-nDNA candidate genes, 21 of the significantly associated genes were functionally related with cholesterol (Table S6 and Figure S11 ), 13 with glucose and insulin, and 5 with adipose/obesity. Of the 109 MT-nDNA genes, 13 associated with the ''Type 2 diabetes'' 54, 61, 63 term (Table S7 ) while 18 were associated with ''Cardiovascular disease'' [64] [65] [66] [67] [68] [69] [70] [71] [72] [73] [74] [75] [76] [77] (Table S7 ). (For space limitation, a detailed enrichment analysis is provided in the Supplemental Material and Methods, section 8.) These Abbreviations and definitions: Trait, the trait used for a specific test; PA, Pan ancestry; EA, European ancestry; T, MAF-value threshold for selecting SNVs to be included in the gene-based-burden association test; Gene, gene name from mtDNA; p, p value from the gene-based burden test; the score test of the weighted sum of genotypes has the form of statistic, T ¼ P j w j U j , where w is a weight for SNV j and U j is the score statistic for SNV j ; Beta and SE are result of regressing the trait on a weighted sum of genotypes; cMAFUsed, cumulative minor allele frequency; nSNVs, the number of SNVs used in the gene-based burden meta-analysis. findings demonstrate the importance of several MT-nDNA candidates to cardiometabolic outcomes.
eQTLs of MT-nDNA Candidate Variants
Several variants in or near MT-nDNA candidate genes were identified as expression QTL (eSNV) ( Table S8 ). Based on RegulomeDB, 78 three variants were the best in eSNVs features' ranking. The first was rs242559, intronic to MAPT (MIM: 157140). Mutations in MAPT associate with lower mitochondrial nicotinamide adenine dinucleotide (NADH) levels, 79 partially suppress complex I-driven respiration, and lower overall ATP production by oxidative phosphorylation, with cells relying on glycolysis to maintain ATP levels. The second, rs9897919, is a 3 0 UTR variant for TBCD (MIM: 604649), tubulin folding cofactor D, and B3GNTL1 (17q25.3 [MIM: 615337]), a putative glycosyltransferase. The third, rs1788821, is intronic to NPC1 (MIM: 607623), which is an intracellular cholesterol transporter with a role in the egress of cholesterol from the endosomal/lysosomal compartments (Table S9 ). The findings of RegulomeDB were reinforced by HaploReg (v.4.1). 80 The MT-nDNA variants showed an enrichment in transcription regulation features. For instance, rs242559 of MAPT is localized within the promoter histone marks in skeletal muscle, at enhancer histone marks of 16 tissues, and at DNase marks of 4 tissues. In addition, the rs242559 polymorphism alters the protein binding site of GATA2, a transcription factor protein that binds in the promoter regions of target genes (Table S9) .
To determine the eSNVs' gene targets in specific tissues, we used GTEx (v.7.0) 81,82 with a summary in Table S8 and detailed in Table S10 . The 42 unique eSNVs were assigned Figure 2 . BMI and WHR Association Results with MT-nDNA Candidate Genes to 29 genes targeting regulation of 50 genes, distributed among 13 tissues (adipose, tibial artery, thyroid, skin, blood, brain, skeletal muscle, esophageal muscularis, fibroblast, liver, pancreas, testis, and tibial nerve). There were 28 unique lead and 18 unique secondary (LD r 2 was < 0.02 to the target gene's best eSNV) eSNVs identified (see Material and Methods). For example, rs2510344 of NPC1 regulates C18orf8 in skin and rs11663558 of NPC1 regulates its own NPC1 gene expressed highest in subcutaneous adipose tissue (GTEx data).
trans-eQTLs of MT-nDNA Candidate Variants
We combined the GWAS p value for the MT-nDNA SNVs with additional evidence from trans-gene expression regulation for a specific variant using GWAS3D 83 (Figures S12.1-S12.3) . The GWAS3D software selected 16 cell types, which included chromosomal looping data (5C or ChIA-PET or Hi-C) and important transcriptional marker data (H3K4me1, H3K27ac, DHSs, EP300, and CTCF). 83 Among several trans-eQTLs, for example, rs2881156 (p ¼ 8.1EÀ07) of SLC25A48 (5q31.1 [MIM: 616150], Figure S12 .1) associated with obesity and trans-regulated expression of three genes: SAR1B (5q31.1 [MIM: 607690]) involved in protein transport from the endoplasmic reticulum to the Golgi (mutations in this gene are a cause of chylomicron retention disease [MIM: 246700]); 84 TRPC7 (5q31.1), a regulator of intracellular calcium levels; 85 and REEP2 (5q31.2 [MIM: 609347]), which enhances the function of sweet taste receptors 86 and is about 80 times higher expressed in brain than in other tissues (GTEx data).
PPI Network
We analyzed 109 MT-nDNA proteins using the PPI network (see Web Resources) 87, 88 to identify 4,132 interacting proteins. We present the 15 top genes (Table S11) with highest PageRank score for PPI, [89] [90] [91] including the number of PPI, a short description of gene's function from Gene Entrez of NCBI-db, associated trait(s), and association p value(s) (see also Supplemental Material and Methods, section 9). From the PPI analysis it is evident that a gene/protein hub (which is assumed important because of a relatively large number of interactions) is not necessary, the topnotch for association with a specific trait, as shown in the Discussion section.
Discussion
This large, comprehensive study of human mitochondrial and nuclear mitochondrial genetic variation in relation to seven key risk factors for metabolic disease provides important information toward a better understanding of the causes and mechanisms of these phenotypes. The use of a twotiered approach-i.e., examining mtDNA variants for up to $170,202 individuals and nuclear MT-nDNA candidate gene polymorphisms for up to $339,000 individuals-facilitated the evaluation of the genetic underpinnings of seven metabolic traits reflecting adiposity/obesity and glucose-insulin metabolism and signaling. We identified two mtDNA SNVs (in MT-ATP6 and the D-loop) associated with WHR and fasting glucose, a burden of SNVs in a gene (MT-ND3) associated with BMI, and five rare SNVs of mtDNA (in MT-ATP6, MT-ND5, and MT-ND6) associated with BMI (2 of 3), with WHR (2 of 3), and with fasting insulin (1 of 3) . Additionally, the MT-nDNA meta-analysis implicated significant associations with 62 of 109 protein coding candidate genes (p % 5EÀ08), 29 additional passing the above threshold for the metabolic traits considered herein or any other traits querying the GWAS catalog (see Web Resources). Only 16% of MT-nDNA findings passed p % 1EÀ06 but did not reach p % 5EÀ08, and thus may be considered as new MT-nDNA contributions in association with seven metabolic traits (Tables 4 and S12). Enrichment analysis showed that 13 of MT-nDNA genes have also been identified as candidate genes for T2D risk and 18 for CVD risk. The eQTL analysis of MT-nDNA candidates revealed that approximately 27% of associations with seven metabolic traits also act as eSNVs in regulating expression of other cis-genes. In addition, trans-eQTL analysis yielded potential support for maternal and X chromosome epigenetic gene expression regulation. The PPI network analysis identified top PageRank-ed interacting genes from our significant MT-nDNA associations, but they did not necessarily represent the highest trait-specific associations. Overall, these findings indicate the important role of both the nuclear genome and mtDNA-related variants in energy production and, in turn, in the polygenic architecture of metabolic traits. Below we summarize and discuss our most salient study findings.
mtDNA and Metabolic Disease Associations
To date, nearly 290 genetic causes for rare disorders of mitochondrial energy generation have been identified. 92 These rare mitochondrial genetic diseases commonly result in multiple clinical phenotypes with varying penetrance, likely due to differences in heteroplasmy. 93 In our study, MT-ATP6 variants MT-8706 and MT-8896 (rs202120082), one with MAF > 1% and the other one rare, respectively, were both associated with WHR. MT-ATP6 is part of the proton-transporting portion of ATP synthase, contributing to its rotational mechanism. 94,95 rs202120082 (MT-8896) is a missense mutation (p.Ala124Thr) and conversion of the hydrophobic alanine to an uncharged, polar threonine at this site may have implications for ATP6's ability to effectively pump protons and thus decrease production of ATP energy units.
MT-16320 (rs62581338; MAF > 1%), in the D-loop, which contains a few mtDNA replication origins and is possibly involved in accelerating mtDNA synthesis to satisfy developmental, physiological, or aging-related demands, 96 displayed a significant association with glucose. MT-16320 is less than 1 kb from a major mtDNA transcription initiation site (IT) that overlaps with promoters (in the D-loop in H-strand, IT H1 at 561 bps and IT H2 at 630, and in L-strand at 407 bps (IT L1 )) 97 and is 500 bps downstream of mitochondrial-encoded cytochrome b (MT-CYB [MIM: 516020], plus strand) and 2 kb upstream of MT-ND6 (minus strand).
Of the five rare SNVs, MT-14272 (rs2853814, missense), MT-14353, and MT-14584 of MT-ND6 were associated with adiposity-related traits. MT-ND6 is a core subunit of the mitochondrial membrane respiratory chain NADH dehydrogenase (complex I) and is part of the minimal assembly required for catalysis. Complex I functions in the transfer of electrons from NADH into the respiratory chain, while coupling the flow of electrons to the pumping of protons. We also demonstrated an association between insulin and rare variant MT-14124 in the closely related MT-ND5 gene. MT-ND5 is also a core subunit of the mitochondrial membrane respiratory chain NADH dehydrogenase (complex I). Future studies need to validate these rare variant mtDNA findings.
It is also important to note that we observed several rare gene-based suggestive associations between our metabolic traits (p % 5EÀ02, Tables 2 and 3 ) and non-protein coding genes, primarily tRNAs. Mutations within tRNAs that impact translation would impact all of the mtDNA-encoded peptides and consequently would be expected to have significant effects on oxidative phosphorylation. The MT-ND3 gene displayed an aggregate of low-frequency variants associated with BMI. MT-ND3 is a subunit of the respiratory chain complex I that is part of the minimal assembly of core proteins required to catalyze NADH dehydrogenation and electron transfer to ubiquinone (coenzyme Q10). Interestingly, previous studies have demonstrated increased MT-ND3 gene expression associated with a higher histological severity of hepatic steatosis. 98 Genebased meta-analysis burden test, which employed inverse variance weighting to combine association results from 82 variants in MT-ND3 gene across cohorts, yielded a significant association between MT-ND3 and BMI (p ¼ 1EÀ03, Figure S17 ). This figure illustrates that rare alleles of 82 SNVs contributing in the MT-ND3 meta-analysis have variable effects.
We used GTEx data for mtDNA genes as assembled by the Human Protein Atlas team (see Web Resources). They showed the highest expression of RNA for the MT-ATP6, MT-ND3, MT-ND5, and MT-ND6 significant mtDNA genes in the heart and brain, which represent the highest energydemanding tissues as compared, for example, to adipose tissue, in a ratio of about 3:1 ( Figure S13 ). The importance of MT-nDNA and mtDNA gene polymorphisms in the heart is supported by recent publications that have summarized the relation of MT to vascular function, 99 as therapeutic targets in heart failure, 100 and specific genes and pathways that relate to the heart. 101, 102 MT-nDNA Candidate Genes Associations (Glycemic Traits) Glucose sensing in b cells is largely controlled by the hexokinase proteins. Three of the genes encoding hexokinases, HK1 (MIM: 142600), HKDC1 (MIM: 617221), and GCK, were part of our MT-nDNA candidate list and were found to be significantly associated with glucose, HOMA-B, and/or HbA1c (Table 4 ). Hexokinases catalyze the conversion of glucose into glucose-6-phosphate. The phosphorylation of glucose directly couples extra-mitochondrial glycolysis to intra-mitochondrial oxidative phosphorylation. GCK, for example, with pleiotropic effects, produces an enzyme in the pancreas which plays a role in glucosestimulated insulin secretion and affects glucose uptake and conversion to glycogen in the liver. The GCK GWAS-identified variant rs2908289 (Table 4 ) has been previously associated with glucose, HOMA-B, HbA1c, 54, 60 and other variants in LD with it, more recently associated with BMI (rs4607517, r 2 ¼ 0.65, p ¼ 8EÀ56), 55 with T2D (rs1799884, r 2 ¼ 0.81, p ¼ 5EÀ18), 103 and with metabolic syndrome (rs3757840, r 2 ¼ 0.18, p ¼ 4EÀ13). 104 Mitochondrial metabolism, which drives the respiratory chain to produce ATP via oxidative phosphorylation, also contributes to glucose sensing, since disruption of mitochondrial oxidative metabolism blocks glucose-stimulated insulin secretion. 40, [105] [106] [107] Our analysis shows that 13 additional MT-nDNA candidate genes are annotated with SNVs that associate with glucose/insulin metabolism ( Figure S11 ). Diabetes mellitus has been associated with maternally inherited mutations in MT-TK (MIM: 590060), MT-TS2 (MIM: 590085), and MT-TE (MIM: 590025), where the molecular mechanisms involve impaired translation of mtDNA-encoded proteins. 3 In addition, MT-nDNA candidate genes POLG (15q26.1 [MIM: 174763], DNA polymerase gamma); RRM2B (8q22.3 [MIM: 604712], a ribonucleotide reductase); OPA1 (3q29 [MIM: 605290], a nuclear-encoded mitochondrial protein with similarity to dynamin-related GTPases); and MPV17 (2p23.3 [MIM: 137960], a mitochondrial inner membrane protein) have been associated with diabetes mellitus, largely due to an impairment in mtDNA maintenance. 108 In our study, rs1050828, a missense mutation of G6PD (Xq28 [MIM: 305900], 154536002 bps; p ¼ 8.2EÀ135) was associated with HbA1c. G6PD catalyzes the rate-limiting step of oxidative pentose-phosphate pathways, a route for dissimilation of carbohydrates besides glycolysis. It contributes to the production of NADPH and pentose phosphatases for fatty acid and nucleic acid synthesis (Table S6 and Figure S14 ). G6PD plays an essential role in maintaining health by protecting against oxidative damage. 109, 110 The same rs1050828 variant of G6PD has previously been reported as associated with HbA1c lowering in African Americans but not in other populations, leading to misdiagnosis/under-diagnosis of T2D. 61 In the last century, a number of papers reported a maternal excess transmission of T2D, [111] [112] [113] suggesting the possibility of an epigenetic transmission of diabetes mediated by the mother. To date, two genes, KLF14 (7q32.2 [MIM: 609393]) 114 and KCNQ1 (11p15.5-p15.4 [MIM: 607542]), 115, 116 have been described as potential candidates that show parent-of-origin effects in association with T2D. However, based on our MT-nDNA list, these two genes are not MT-nDNA candidates. In our study, GWAS3D analysis identified G6PD as trans-regulated with the expression of MECP2 (Xq28 [MIM: 300005]) ( Figure S12.3 ). 117 MECP2 binds to methylated DNA and mediates transcriptional repression through interaction with histone deacetylase and the corepressor SIN3A (15q24.2 [MIM: 607776]) ( Figure S14 ). Lai et al. 118 reported meta-results that T2D-affected case subjects with G6PD deficiency had two times higher odds of developing diabetes than unaffected control subjects. 119 Furthermore, G6PD protein has a weak score of 1 out of 5 to be found in MT. G6PD is mainly localized in the cytosol and also to the microtubule-organizing center and vesicles (Human Protein Atlas). G6PD protein has 69 interactions and was ranked 65th by the PageRank algorithm for the importance of PPI. These results taken together may suggest that G6PD contributes to the maternal epigenetics of T2D, through X chromosome inheritance and less through MT. Other candidates of MT-nDNA genes that may contribute to mitochondrial epigenetics 120 
MT-nDNA Candidate Genes Associations (Adipose Traits)
We found that a total of 26 of the 109 MT-nDNA candidate genes showed significant associations with WHR (Tables 4 and S6 and Figure S11 ). For example, WARS2 (1p12 [MIM: 604733]) encodes the MT tryptophanyl-tRNA synthase. We observed an intronic rs6428792 of WARS2 in association with WHR (p ¼ 7.95EÀ18). 50 Another SNV, rs10923724 in LD with rs6428792, r 2 ¼ 0.29, WHR p ¼ 9EÀ25) 52 upstream of WARS2 but closer to downstream of TBX15 (1p12 [MIM: 604127]), modifies WARS2 expression in skeletal muscle (p ¼ 1.1E-36) and in adipose-subcutaneous tissues (p ¼ 1EÀs29) (GTEx data). In our PPI analysis of 109 MT-nDNA genes and 4,132 interactants, WARS2 showed two interactions and was ranked 2,028th based on the PageRank algorithm. Taken together, these findings (our study, GTEx, and GWAS) suggest that associations with WHR might be mediated also by differential expression of WARS2. 121 There were 48 MT-nDNA candidates associating with BMI. For example, NPC1 (18q11.2, Tables 4 and S6) has been associated with early childhood onset and adult morbid obesity. 122 NPC1 (a cholesterol transporter) is highly expressed in human white adipose tissue adipocytes with increased levels in obese individuals. 123 Our lead SNV rs1788785 is an eSNV for NPC1 and is not in LD with the best NPC1 eSNV, supporting NPC1 as a candidate gene for obesity. Indeed, studies in mice have shown that a non-functioning NPC1 resulted in late-onset weight loss and less food intake. 124 In humans, NPC1 is part of the cholesterol metabolism pathway (see Web Resources). Recently, NPC1 mutant cells were reported to have fragmented mitochondrial networks, increased respira-tion, alterations in the composition of the respiratory chain complex, and a substantial reduction in the cellular ATP level. Thus, a primary lysosomal defect in NPC1 mutant fibroblasts is accompanied by deregulation of the organization and function of the mitochondrial network. 125 NPC1 was ranked 241st and had 13 interactions in the PPI network.
Other notable obesity-related variants/genes among MT-nDNA candidates include POMC (2p23.3, adrenocorticotropic peptide/hormone, p ¼ 7.2EÀ07), which binds to melanocortin 2 receptor (MC2R, 18p11.21 [MIM: 607397]), stimulating release of cortisol, a steroid stressresponse hormone. MC4R (18q21.32, p ¼ 6.4EÀ14) was ranked the 3rd in BMI-effects compared to FTO (16q12.2 [MIM: 610966]), the top ranked for BMI effects in Speliotes et al., 41 Locke et al., 46 41 and 16th in Locke et al. 46 MTCH2 is located in the inner membrane of MT, highly expressed in white adipose tissue and adipocytes, and is thought to play a regulatory role in adipocyte differentiation and biology. 126 The MTCH2 GWAS-variant rs7118178 ( Table 4 ) has been associated with BMI, 46 glucose, 36, 55 and pro-insulin 58 (Figure 4 , T1-4). MTCH2 has 87 protein interactions and ranked 14th when analyzed for the importance of PPI using PageRank algorithm. MTCH2 deficiency in mouse muscle has been shown to be beneficial, protecting mice from the obesogenic effect of high-fat diets, most likely the result of an increase in mitochondrial metabolism. MTCH2 is proposed as a repressor of muscle mitochondrial metabolism and size. 127 Using both GWAS and eQTL information, three MTCH2 SNVs co-localize within a 15 kbp DNA region. Based on GTEx data, rs4752856 in MTCH2 (Figure 4 , T6) regulates gene expression of C1QTNF4 (11p11.2 [MIM: 614911]) and PSMC3 (11p11.2 [MIM: 186852]) in subcutaneous adipose tissue. rs3817335, which is in high LD (r 2 ¼ 0.903) with rs4752856, regulates SLC39A13 (11p11.2 [MIM: 608735]) in tibial artery tissue, while rs7118178 (in less LD to two other SNVs, r 2 ¼ 0.083) regulates CELF1 (11p11.2 [MIM: 601074]) in tibial nerve tissue, and with results similar to the best eSNVs for the mentioned genes and in high LD with their eSNVs (Figure 4, T5) . C1QTNF4 is reported as a potential cytokine that can induce the activation of both NFKB1 (MIM: 164011) and IL6/STAT3 (MIM: 147620/102582) signaling pathways 128 and acts in the hypothalamus to modulate food intake and peripheral energy expenditure. 129 PSMC3 is involved in ATP-dependent degradation of misfolded and damaged proteins and in removal of no longer required proteins. This protein is also involved in cell cycle progression, apoptosis, and DNA damage repair. A knockdown of PSMC3 in human immortalized fibroblasts increased cell proliferation. 130 CELF1 has been associated with Alzheimer disease and obesity. 131 Consequently, MTCH2 SNVs regulate gene expression of other cis-genes related to obesity, food intake, and/or cell number. Thus, MTCH2 effects on BMI may be more complex than previously accounted for.
Other Functions of MT-nDNA Candidate Genes
Mitochondrial inheritance has been previously associated with obesity, metabolic syndrome, insulin resistance, type 2 diabetes, and cardiovascular disease. 3, 40, [132] [133] [134] [135] The complex genetics of MT affects processes of glucose, lipid, and amino acid catabolism, with ATP as the final energy product. By-products of these processes play an important role in signaling (e.g., ROS) and are used for epigenetic modifications (e.g., acetyl CoA). In our study, we would expect a preponderance of glycemic and lipid genes and proteins. Out of 109 MT-nDNA candidate genes, 21 of the significantly associated genes were functionally related with cholesterol (Table S6 and Figure S11 ), 16 with glucose and insulin, and 5 with adipose/obesity. The 109 MT-nDNA candidate genes have other functions too. For example, rs1044661 is located at 17q25.3, overlapping two genes that run in opposite strands: TBCD (involved in tubulin folding as cofactor D) and B3GNTL1 (a putative glucosyltransferase). This SNV was associated with HbA1c (p ¼ 1.74EÀ46). 61 Recently, Francis et al. 136 hypothesized that the interaction between TBCD (17q25. First, we used LocusZoom 142 for plotting regional information for MTCH2 selected SNVs, which have been reported by large GWAS publications (for BMI 41 [T1], for glucose 55 [T2], for proinsulin 58 [T3], and another large analysis for glucose 56 [T4]), for strength and extent of the association signal relative to genomic position, local linkage disequilibrium, and recombination patterns and the positions of genes in the region. Second, we used GTEx 81 data to identify the SNVs of MTCH2 that are eSNVs by influencing the expression of other cis-target-genes (C1QTNF4, PSMC3, SLC39A13, CELF1) (T6). Third, we verified whether these eSNVs of MTCH2 (connected with blue dashed lines) are true expression regulators, by identifying the best eSNVs of the four target genes (T5, regulation effects shown with orange-dashed lines) and evaluating the LD r 2 between the MTCH2 eSNV, e.g., rs4752856 (T6) and the best eSNV rs10838724 (T5) for the corresponding target gene (C1QTNF4), which was found to be 0.829 in adipose-subcutaneous tissue (T6). Fourth, the MTCH2 SNVs serving as eSNVs for the four cis-target-genes, shown in T6, colocalize in about 15K bps region. Thus, MTCH2 associates with BMI, glucose, and proinsulin, and among others influence the gene expression of other cis-genes (C1QTNF4, PSMC3, SLC39A13, CELF1), who in itself contribute also to individuals' obesity risk (see Discussion). contraction of heart) and MAPT (17q21.31, expressed in nervous system) produce microtubule-associated proteins in interaction with MT (Table S6 and Figure S11 ). It should be noted that rs1050828, a missense mutation of G6PD residing on X chromosome, may impact HbA1c through non-glycemic factors rather than glucose metabolism. 61 Additional functions of MT-nDNA candidate genes are described in the Supplemental Material and Methods, section 7.
Strengths and Limitations
Our study had many strengths. We used large sample sizes for studying mtDNA and MT-nDNA. At the mtDNA level we validated SNVs used per cohort and imputed based on Cosmopolitan MT-1000 Genomes. At the MT-nDNA level we used the strength of many consortia contributions for associations with seven traits. As a consequence, we performed comprehensive mtDNA and MT-nDNA analyses. The seven mtDNA variants significant associations showed no statistical significant deviations from the homogeneity/ similarity of beta contributions before meta-pooling across studies as reported with Het-p in Table 1 , as well as graphically represented in the Forest plot ( Figure S16 ). For supporting MT-future studies, we have provided mtDNA updated Tables S15-S28 for arrays used in this study including MitoMap annotation. Also, we include Table  S32 of predictions from the bioinformatics platforms that have been shown to have the highest sensitivity and specificity for the mtDNA variants. 137 Our study also had some limitations. Rare mtDNA mutations are usually heteroplasmic point mutations and/or mtDNA lesions that typically result in a primary mitochondrial disease, which can manifest as a broad range of clinical outcomes. In this study we have interrogated the effect of inherited mtDNA variants, much commoner in the population than typical mtDNA mutations. Therefore, while there is a great deal of literature linking inherited mtDNA variants to disease, many of these studies have limited statistical power 138 and several have never been independently replicated. So in many respects there is not a great deal of robust literature to call upon. The harmonization of mtDNA in each study was dependent on the number of mtDNA variants and their quality. Some variants were dropped before performing any imputation, because low-quality variants matched not only to the mtDNA genome, but also to nuclear genome (see mtDNA Variant Harmonization in Material and Methods). A number of quality-control filters were applied to mtDNA, which reduced individual sample size per marker or the number of useful markers. We did not address the association of significant markers by gender, because in our study sample sizes per mtDNA marker were variable and often small.
Perspective and Conclusion
We focused on associations of MT with adipose and glycemic traits, yet we acknowledge that there is still much to be learned from other traits, for example for triglycer-ides, high-density lipoprotein cholesterol, and C-reactive protein. 46, [139] [140] [141] Notably, we identified 21 MT genes of lipid metabolism, although this was not the direct focus of our study. For example, TMLHE (Xq28 [MIM: 300777], trimethyllysine dioxygenase associated with HbA1c, p ¼ 2.2EÀ19) is the first enzyme in the carnitine biosynthesis pathway. Carnitine play an essential role in the transport of activated fatty acids across the inner mitochondrial membrane and this gene is ubiquitous for its expression in heart. Hence, MT associations with other traits at the consortia-level remain to be explored. In conclusion, we identified common, rare SNVs, and a gene burden of genetic mtDNA variants, as well as 109 MT-nDNA genes associated with metabolic traits. Of the 109 MT-nDNA candidate genes, a subset pointed to associations with adipose, glucose metabolism, T2D, and CVD, and a subset of SNVs was inferred to contribute for differential regulatory genes expression. We documented in this study that the MT-candidates (SNVs/genes) have special contributions for functioning and energy homeostasis in adipose tissues and to glucose metabolism and insulin signaling.
Accession Numbers
Summary statistics for the mtDNA meta-analyses are available in the dbGaP repository for the CHARGE Consortium, phs000930. v8.p1. 
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